. This success underscores a need to develop methods to relate HIV viral genotype to measures of viral susceptibility to drugs as new drugs are developed and new important mutations are implicated. Such methods will improve the ability to use morecomplex genetic sequence information in making treatment decisions or in stratifying clinical trials by viral genotype. Such methods could also help clinicians determine whether virological failure results from resistance or some other factor, select
salvage therapies, and identify drug resistance in patients with new HIV-1 infections. As expressed by Mayer [2, p. 2001] , "A major effort is needed to standardize and validate [genotypic and phenotypic] assays, develop standardized reporting formats easily understood by practicing clinicians, develop better correlates between drug-resistance mutations and phenotypic susceptibility, and relate drug-resistance mutations or phenotypic drug-resistance levels to subsequent virological responses to combination drugs." Accomplishing these goals requires a system for classification of patients by viral genotype, in which a patient's classification predicts the success of available treatment options. This report describes several methods and their application to drug-resistance data from the Adult AIDS Clinical Trials Group protocol 333 (ACTG 333), a randomized clinical trial that compared 2 formulations of saquinavir (SQV) and indinavir (IDV) among patients with у1 year of prior exposure to SQV.
Analyses that relate viral genotype to drug-susceptibility phenotype provide several statistical challenges. First, there are a large number of possible mutations, the phenotypic effects of which must be considered. For example, the protease region of the HIV genome has 99 codons (297 nucleotides); and the reverse transcriptase (RT) region has ∼560 codons (1680 nucleotides). In addition, the occurrence and effect of mutations at any given codon are influenced by the presence of mutations at other codons; therefore, it is necessary to detect interactions among mutations at various codons. Other considerations in the analysis of genotypic data include methods for handling mixtures of amino acids at a codon and for defining the distance between 2 nucleotide or amino acid sequences.
One promising statistical approach to this problem is recur- sive partitioning, also known as classification and regression-tree methodology [3, 4] . This methodology is designed to search for important patterns and relationships and to uncover hidden structure in highly complex and multidimensional data. A number of features of recursive partitioning make it well suited to genotypic data analysis. These features include its ability to select important predictor variables from among a large number of candidates and to identify interactions among predictors. Also of importance is the ability of recursive partitioning to handle all types of data (binary, categorical, and numerical) as well as missing data. Recursive partitioning is more flexible than many other statistical analyses in that prediction can depend on different subsets of the predictors for different classes of individuals. In this article, we illustrate how this statistical tool can provide useful insights into the relationship between HIV-1 drug-susceptibility phenotype and protease genotype for the data from ACTG 333. We also compare the results of recursive partioning to the results from 2 other better-known multivariate statistical techniques-cluster analysis and discriminant analysis. The ultimate goal of such analyses is to improve the ability of physicians to select optimal therapy based on a patient's viral genotype. Although tables that relate the presence of specific mutations to drug resistance currently exist [5] , they have arisen from investigations of mutations at specific codons rather than a systematic approach to examining the effects of all possible mutations and of their combinations. Such investigation must proceed in 2 steps: an exploratory step, in which all potentially important mutations and combinations of mutations are identified, and a confirmatory step, in which the ability of these mutations to predict treatment failure is tested in a statistically rigorous way. An example of the latter is the analysis conducted by the Resistance Collaborative Group (RCG), in which the prognostic value of viral genotype was investigated using results from 12 different studies of different combinations of antiretroviral therapy [6] . For each patient in each study, the number of drugs to which a patient was genotypically sensitive was associated with virological response; genotypic sensitivity was determined by the absence of specific mutations in the patient's HIV genetic sequence. Although this analysis demonstrated that the table of mutations developed by the RCG was useful for prediction, it did not prove that the table was optimal. Furthermore, the complexity of tables of mutations must grow as the number of drugs, and especially drug combinations, increases. The methodology we propose should aid in the development of increasingly sophisticated tables as AIDS therapeutic research evolves.
Methods

Clinical Trial
ACTG 333 was a multicenter, randomized phase II trial designed to determine whether, after long-term (11 year) treatment with hard-gel SQV (SQV hc), recipients had a decrease of plasma HIV RNA following substitution of this therapy with IDV or soft-gel SQV capsules (SQV sgc). Eligibility criteria included laboratory documentation of HIV-1 infection, у1 year of exposure to SQV hc at 1800 mg/d, and no prior therapy with any protease inhibitor other than SQV. The data used in this analysis are the results of population genetic sequence analysis (GenBank accession numbers provided in Appendix) and phenotypic susceptibility assays of plasma-associated HIV-1 to IDV and SQV done at baseline.
Methods for Determination of Genotype and DrugSusceptibility Phenotype
Viral RNA analysis. RNA was extracted from 100 mL of plasma according to the method described by Boom et al. [7] . After viral RNA isolation an equivalent of 10 mL of plasma was used to reverse transcribe and amplify the protease gene (nucleotides 2252-2548). A one-tube RT-polymerase chain reaction (PCR) procedure, essentially as described by Nijhuis et al. [8] Phenotypic resistance analysis. Recombinant protease viruses were generated by introduction of viral protease sequences derived from plasma into a protease-deleted HIV-1 clone (HXB2 pro) [9] via homologous recombination. The nested PCR products were cotransfected with HXB2 pro (linearized with BstEII) into SupT1 cells. The transfected cell cultures were subsequently monitored for the appearance of syncytia. When full-blown syncytia were observed, cell-free virus was harvested. The infectious virus titer (TCID50) was determined using end point dilutions in MT2 cells [10] . SQV and IDV susceptibility of the recombinant protease viruses were determined in duplicate using an MTT assay [11] . The reported IC 50 values are the geometric means of the duplicate measurements (in mM).
Statistical Methods
This section describes the use of recursive partioning [3, 4] , cluster analysis [12, 13] , and discriminant analysis [14, 15] to investigate the relationship between HIV-1 drug-susceptibility phenotype and genotype. This investigation requires definition of a measure of 
NOTE. Wt, wild type; split L, split to the left; D, aspartic acid; split R, split to the right; M, methionine.
distance between any 2 amino acid sequences in the protease section of the HIV-1 gene; these distances can then be used to create clusters of subjects with similar genotypes. The association between these clusters and measures of drug-susceptibility phenotype provides information about the usefulness of the clusters. A recursive partitioning algorithm is used to determine which features of genotype (individual mutations or membership in a cluster) are most related to phenotype. These results are compared with another standard method, linear discriminant analysis.
Cluster analysis. Clustering sequences with similar genotypes permits investigation of the degree to which viruses with similar genotypes have similar drug-susceptibility phenotypes. To compute a distance between sequences, a set of indicator variables is created for each codon, by use of methods similar to those described by P. Cosman et al. (unpublished data). Each indicator variable is assigned a value of 1 if the amino acid it represents is present at the site alone or in a mixture; otherwise it is assigned a value of 0. Each sequence is represented by a vector of indicator variables; the distance between 2 sequences is defined as a Euclidean distance between the 2 corresponding vectors. The distance between 2 clusters is defined as the average of the distances between all pairs of members of the 2 clusters. Hierarchical clustering is used to choose the optimal number of clusters, and k-means clustering is used choose the final division of cases into this number of clusters [12, 13] . The optimal number is chosen as the number just greater than that which causes the within-cluster sums of squares (squares of the distances between each observation and the center of the cluster) to start to increase rapidly. To compare the median IC 50 values among clusters, the Kruskal-Wallis test is used.
Recursive partitioning. Recursive partitioning [3, 4] , an iterative technique for constructing a decision tree, starts by identification of the specific variable that best splits a population into 2 subpopulations, or nodes. It continues by identification of the variables that best split each of the resulting nodes into 2 more nodes until no more splits are reasonable. The best split of a nonterminal "parent" node is the one that minimizes the variability of the observations in the 2 "child nodes." The tree is then pruned back to an optimal number of splits, and a predicted value is assigned to the terminal node at the end of each branch of the resulting tree. A new case can be assigned a predicted value by following it through the decision tree to a terminal node. In addition to using the indicator variables for the presence of mutations as covariates, we can use cluster membership as well; this permits investigation of the combined effect of mutations that tend to occur together.
Because the IC 50 phenotypic data are skewed, all recursive partioning analyses are done using log10 (IC 50 ) values; for ease of interpretation, all means are reported as the geometric mean of IC 50 values in the original scale. Measures of variability are reported on the log10 scale, however, because there is no simple transformation of these quantities back to the original scale. The predicted value for each terminal node of the tree is reported as the geometric mean of the IC 50 values for the cases assigned to that node.
For the measure of variability in our trees, we used the withinnode sum of squares, or deviance. The deviance is computed by finding the difference between each observed value and the node mean, squaring these differences, and then summing the squares of the differences over all individuals assigned to the node. Crossvalidation and bootstrapping are used to determine the appropriate number of terminal nodes and to determine the reproducibility of the model.
Linear discriminant analysis. Linear discriminant analysis [14, 15] is also used to determine which genetic mutations best predict sensitivity to drugs, as defined by IC 50 . We first define 2 groups, sensitive and resistant, on the basis of an IC 50 cutoff. Then we use a linear discriminant function to predict IC 50 category on the basis of genetic sequence. The linear discriminant function is just a linear combination of predictors (in our case the indicator variables for the amino acids at the 99 protease codons). To obtain a cutoff for definition of the groups, we calculated the median IC 50 for patients who had no substitutions known to be associated with resistance for the drug of interest in available published literature. Patients whose IC 50 values were у5-fold greater than this median were classified as resistant; those with a !5-fold increase were classified as sensitive.
All analyses were done with S-Plus 3.4 for Unix. Hierarchical and k-means clustering were done with the routines hclust and kmeans, respectively. The S-Plus RPART routines of Therneau et al. [16] were used for recursive partitioning. Linear discriminant analyses were done with the lda routine in Venables and Ripley's MASS library [17] .
Results
Baseline Characteristics and Clustering
Eighty-nine subjects were enrolled in clinical trial ACTG 333, of whom 72 had baseline genotype and phenotype assay results. The baseline characteristics of these 72 patients are shown in the last column of table 1.
Using the methods described in the Statistical Methods section, we grouped the baseline genetic sequences into clusters. The most reasonable grouping was division into 3 clusters of 33, 15, and 24 individuals. Figure 1 compares the frequencies of mutations known to be associated with SQV and/or IDV resistance for the 3 clusters [18] [19] [20] [21] [22] [23] [24] [25] . Codons 10, 71, and 90, known to be associated with both SQV and IDV resistance, discriminated well among the 3 clusters. This was not surprising, in light of the extensive exposure to SQV of these patients. At protease codons 20, 46, 48, 54, 82, and 84, the majority of patients in all 3 clusters were wild type; all individuals with resistance mutations at codons 48, 54, and 82 were in cluster 2.
Baseline characteristics of subjects in the 3 clusters are shown in table 1, and the baseline phenotypic resistance to SQV and IDV, as measured by IC 50 , is displayed in figure 2 . Phenotypic resistances both to IDV and to SQV were lowest for cluster 1, the cluster with the highest proportions of patients with the consensus wild-type amino acids at codons 10, 71, 90, and 93. Phenotypic resistances both to IDV and to SQV were highest for cluster 2, the cluster with the highest proportions of patients with the L10I (80%), G48V (33.3%), A71T (66.7%), and L90M (86.7%) resistance mutations. Phenotypic resistance to both drugs was slightly lower for cluster 3, as were the proportions of patients with L10I (37.5%), G48V (0%), A71T (16.7%), and L90M (75%) resistance mutations; however, higher proportions of patients in cluster 3 had A71V (70.8%) resistance mutation as well as the L93I (95.8%) substitution. The median IC 50 values for the 3 clusters were significantly different for both IDV ( ) and SQV ( ). Furthermore, the median IC 50 P = .0029 P = .0001 for cluster 1 was significantly less than those for both clusters 2 and 3 for both protease inhibitors, but there was no significant difference between clusters 2 and 3.
Recursive Partitioning to Investigate the Relationship between Baseline Genotype and Phenotype
Variables considered as predictors of IC 50 included the alphabetic codes for the amino acids at each of the 99 protease codons and membership in the 3 clusters. In figures 3 and 4, each codon is coded as a dash (-) if the consensus wild-type amino acid was present, as a single uppercase letter for a substitution (e.g., L for leucine), and as a pair of lowercase letters for a mixture (e.g., lm for a mixture of leucine and methionine). Within each node the figure provides the geometric mean IC 50 (mM) and the deviance of the log10 (IC 50 ) for observations assigned to the node as well as the number of observations in the node.
IDV resistance. Cross-validation methods indicated that the best tree had 5 splits; this tree ( fig. 3) had an ∼20% reduction in deviance compared with the root node. Trees with anywhere from 1 to 6 splits, however, did almost as well. For the tree with just 1 split at codon 90 (the first split in fig. 3 ), the 38 cases with the wild-type amino acid, leucine either alone or in a mixture at codon 90, are in the left child node. The geometric mean IC 50 for IDV in this node was 0.0287. The 34 cases with the known IDV resistance substitution M90L are in the right child node; their geometric mean IC 50 for IDV was 0.0655, a 2.28-fold increase over that of the left child node.
In the full tree, each split represents an ∼2-fold increase in phenotypic resistance to IDV (i.e., for each split the ratio of the geometric mean of the IC 50 ' values in the right "child" node to that in the left "child" node is ∼2 [range 1.78-2.28]). The cases with the lowest IC 50 values are in the leftmost terminal node of the tree, which has a geometric mean of 0.015. These cases had the wild-type amino acid L at codon 90; at codon 37, they had an A ( ), E ( ), or Q ( ) substitution n = 3 n = 2 n = 2 or a mixture of N (wild type) and S ( ). The cases with the n = 1 highest IC 50 values are in the rightmost terminal node; the geometric mean of the IC 50 values for this node is 0.102, a 6.7-fold increase over the cases in the leftmost terminal node. These cases were L90M, at codon 90, and A71V, either alone or a mixture, at codon 71. The other two splits in this tree were based on the amino acid at either codon 62 or codon 63.
Cross-validated trees were also grown on 25 bootstrap samples; of them, 23 trees had у1 split, and codon 90 was the first split for 15 of the 23. The other factors of importance in these trees were mutations at codons 10, 63, and 71 as well as cluster membership. Table 2 illustrates how a tree can be used to predict baseline IC 50 for IDV from a baseline genotype. The first case had the wild-type amino acid leucine (L) at codon 90 and therefore goes to the left at the first split. The next split is to the right because of the presence of aspartic acid (D) at codon 37. The final split is to the right, reflecting the presence of wild-type amino acid leucine (L) at codon 63. This case falls in a terminal node with predicted IC 50 for IDV of 0.0473. Similarly, the path of the second individual can be followed through the tree to a terminal node with predicted IC 50 for IDV of 0.0435.
SQV resistance. For analyses of SQV, cross-validation indicated, on the basis of the amino acid present at protease codon 10, that the best tree had just 1 split. Trees with 2-5 splits did almost as well, so we present the tree with all 5 splits in figure 4 . Of 51 cases in the left child node, 49 had the wild- Rectangles indicate terminal nodes. Numbers in each node are the geometric mean IC 50 (mM) for the node, the deviance for the node on the log10 (IC 50 ) scale, and the number of cases in the node. Splits that would result in !5 cases in a node were not permitted. The left child node of the root node is labeled "L90: -,lm" indicating that the variable on which the cases split was codon 90 for which the wild-type amino acid is L (leucine) and that cases which were wild-type (-) or had a mixture of L and M (lm) went to the left. The right child node is labeled "L90:M" indicating that cases with the amino acid methionine (M) at codon 90 went to the right. type amino acid, leucine, at codon 10, and the other 2 had mixtures of leucine and valine or isoleucine and valine. The 21 cases in the right child node had an L10I substitution ( ), n = 11 an L10V substitution ( ), or a mixture of leucine (L) and n = 1 isoleucine (I) ( ). Cases in the right node had a 2.86-fold n = 9 increase in IC 50 over the cases in the left child node. The variables on which the second through fifth splits occurred were codon 90, codon 62, codon 37, and membership in cluster 1. The pruned tree with 5 splits is displayed in figure 4 . For this tree, each split represented an average 2.35-fold increase (range, 1.89-2.86) in phenotypic resistance to SQV for the right child node as compared with the left child node.
This tree provides an example of how recursive partitioning can identify different subsets of the predictors for different individuals. In this example, codon 62 is useful in predicting phenotypic resistance to SQV for individuals with the L10I mutation but not for individuals who are wild type at codon 10. Because the amount of information is limited, the reproducibility of splits after the first one requires further investigation.
Linear Discriminant Analyses of Baseline Data
Linear discriminant function analyses was conducted separately for SQV and IDV.
SQV resistance.
To determine an IC 50 cutoff for categorization of patients as sensitive or resistant, we first identified mutations associated with resistance, from sources other than ACTG 333. According to Larder et al. [26] , reduced sensitivity to SQV is most often associated with the presence of either a G48V or an L90M mutation in the protease gene. For the 28 ACTG 333 patients who had neither of these mutations at baseline, the median IC 50 for SQV was 0.007. Patients who had IC 50 values !0.035 (a 5-fold increase over 0.007) were categorized as sensitive to SQV; the remainder were categorized as resistant. The protease codons that best discriminated between the 2 groups (contributed most to the linear discriminant function) were 10, 62, 63, 71, and 90. The cross-validated misclassification rate (a measure of reliability of the results) was 24.7%-results that are comparable to those of the recursive partitioning. Codons 10, 62, and 90 appeared in the regression tree for predicting IC 50 for SQV that is displayed in figure 4 . Cluster 1 also appeared in the regression tree, and codon 71 was one of the more influential codons in discriminating among the clusters, along with codons 10 and 90 (see figure 1) .
IDV resistance. The following mutations in the protease gene have been associated with reduced susceptibility to indinavir [27] : L10I/R/V, K20M/R, L24I, V32I, M46I/L, I54V, L63P, A71T/V, V82A/F/T, I84V, and L90M. For the 13 ACTG 333 patients who had none of these mutations, the median IC 50 for indinavir was 0.024. Patients who had IC 50 values !0.120 for IDV (a 5-fold increase over 0.024) were considered to be sensitive to IDV, and the remainder were considered to be resistant. The protease codons that best discriminated between the two groups were 10, 36, 63, 71, 73, 90, and 93. The crossvalidated misclassification rate was 22.1%. Codons 63, 71, and 90 appeared in the regression tree for prediction of IC 50 for IDV that is displayed in figure 3 . Codons 10, 71, 90, and 93 were among the more influential codons in discriminating among clusters (see figure 1) .
Discussion
This report investigates the use of standard statistical methods to relate HIV-1 genotype to drug-susceptibility phenotype. The clustering of viruses by genotype is of interest in itself because it permits determination of mutations that tend to occur together and investigation of the extent to which similarities in genotype are associated with similarities in phenotype. Clustering is also of interest because, by including cluster membership in recursive partitioning, we can determine whether the importance of a mutation is because of its direct effect or its tendency to occur with others. We have applied these statistical tools to relate genotype to phenotypic susceptibility of specific antiretroviral drugs, using results from ACTG 333. Recursive partitioning has also recently been used to study relationships between genotypic resistance, baseline HIV RNA viral load, and virological outcome [27] .
The important but difficult task of relating the many possible genotypic patterns to phenotypic drug resistance has been the focus of many recent studies. Reports using other approaches, such as logistic regression, have produced anecdotal data highlighting the impact of a few specific mutations [28] or general rules regarding the total number of mutations and phenotypic resistance [29] . Very large databases including thousands of genotype-phenotype pairs have been compiled at great expense and effort [30] . Use of techniques like those described in this article should help in identification of patient characteristics, including genotype, that consistently predict drug-susceptibility phenotype.
In the present study, we were able to identify and relate the key mutations to the degree to which they affect resistance and also to find the relationships between the different mutations. Studies in which the mutations deemed relevant are specified before analysis [30] preclude discovery of important new, and perhaps poorly understood, mutations or relationships among mutations. For example, we found mutations often considered to be of only minor importance, such as those at protease positions 10 or 71, to play important roles in predicting drug resistance or phenotype in the ACTG 333 patients. This is consistent with the clinical observation that substitutions at positions 10, 71, and 90 were the most common in long-term recipients of SQV, suggesting they are the more relevant in vivo substitutions [31] . The need for unbiased analysis is of major importance in the field of HIV resistance, because the biological implications of the individual mutations or groups of mutations have not yet been well characterized [2] . These statistical techniques also allow us to gain information by combining across different data sets. This feature will also allow researchers to gain valuable information from the multiple small studies in different populations that are often done in HIV research and not only from large multicenter trials.
The major advantage of recursive partitioning as an exploratory technique is the ability to identify potentially important mutations (or clusters of mutations) from among the many thousands that may occur in HIV-1 genome under pressure from antiretroviral drugs. In addition, it is possible to identify mutations whose importance is limited to a particular subgroup of patients, defined by the presence of other mutations or any other prognostic factor. By applying these techniques to the many studies examining genotypic and phenotypic resistance done to date and those currently under way, much insight into the complex relationship between genotype and drug-susceptibility phenotype may be gained.
These analyses confirm the associations of mutations at codons 10, 63, 71, and 90 with in vitro resistance to IDV and/or SQV. Mutations at codons 37 and 62, which appear in both trees, have not been previously associated with resistance to SQV or IDV. These results not only imply some well-known similarities in the mutations associated with resistance to IDV and to SQV, but also some degree of reproducibility of the methods. Furthermore, the results of the bootstrap investigation of the prediction of IDV resistance from baseline genotype also consistently showed the importance of the mutations mentioned above. Finally, the results of linear discriminant analyses support those found from recursive partitioning. Although both techniques may be useful, the latter allows the identification of mutations whose importance depends on the presence or absence of other mutations; this feature will be of special importance for larger databases. For these reasons, recursive partitioning should be considered in investigations relating genotype to drug-susceptibility phenotype.
